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ABSTRACT

Tools for computer-aided diagnosis based on deep learning have become increasingly important in the medical
field. Such tools can be useful, but require effective communication of their decision-making process in order
to safely and meaningfully guide clinical decisions. Inherently interpretable models provide an explanation for
each decision that matches their internal decision-making process. We present a user interface that incorporates
the Interpretable AI Algorithm for Breast Lesions (IAIA-BL) model, which interpretably predicts both mass
margin and malignancy for breast lesions. The user interface displays the most relevant aspects of the model’s
explanation including the predicted margin value, the AI confidence in the prediction, and the two most highly
activated prototypes for each case. In addition, this user interface includes full-field and cropped images of the
region of interest, as well as a questionnaire suitable for a reader study. Our preliminary results indicate that
the model increases the readers’ confidence and accuracy in their decisions on margin and malignancy.

Keywords: Interpretability, Deep Learning, Communication, User Interface, Breast, Mammography, Risk As-
sessment, Cancer

1. INTRODUCTION & PURPOSE

The prevalent use of deep learning has become transformative in many fields, offering impressive speed and
accuracy in analyzing data and predicting diagnoses. Black box machine learning models are common, but
should not be used in high-stakes decisions given their susceptibility to bias and incomprehensibility.1 To this
end, many researchers have proposed methods to attempt to build trust in these models. Such interpretation
methods, like saliency maps, CAM, and GradCAM, provide some insight into how black-box models work, but
have significant performance issues2–4 and thus, are not necessarily reliable.5,6 On the other hand, newer works
show it is both possible7,8 and more helpful1 to implement neural networks that are inherently interpretable
– these models display the rationale for arriving at a specific decision. Many researchers9–11 have identified
interpretability as a major barrier to the clinical deployment of deep learning models. Specifically in a medical
context, common radiologic tasks such as lesion detection, and diagnosis and prognosis are high-stakes practices
with significant consequences, requiring transparent and useful computer aid. Additionally, current techniques
in interpretable machine learning often prioritize technical feasibility over user-design.12 Thus, the advent of
deep transparent models that show the reasoning behind their predictions offer us a unique opportunity to better
understand what information is clinically relevant, and how to build trust in high-stakes algorithms.

Technology from interpretable machine learning13 and explainable artificial intelligence (XAI)14,15 can be
used in computer-vision applications, commonly in radiology to guide clinical decisions. Thus it is crucial that
these models explain their decision-making process with detail and precision. Previously, Barnett et al.16 created
Interpretable AI Algorithm for Breast Lesions (IAIA-BL), which uses an interpretable mass margin classification
model to predict the margin and malignancy of a breast lesion. Because this interpretable model provides
explanations at different levels of detail, we built a user interface to bridge the gap between machine learning
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Figure 1: (a) Layout of the user interface for the four-block retrospective reader study. See Appendix A for a
screen capture of the entire interface. (b-d) Three methods to show the AI activation over the input image, in
order of decreasing information. (b) Heat-map. (c) Semi-transparent covered overlay. (d) Bounding Box.

experts and radiologists by presenting a simplified explanation, while allowing the reader to request a more
detailed explanation when desired.

2. NEW WORK

The user interface development and description is newly introduced in this paper. Previous submissions of IAIA-
BL have demonstrated its effectiveness as an interpretable model using mass margin and mass shape,17 while
this paper includes such work in a graphical user interface suitable for radiologists in a clinical setting.

3. METHODS

Our user interface displays a full-field image digital mammogram scan with the region of interest highlighted
in a bounding box alongside a cropped ROI image. Underneath these images is an AI panel that shows the
prediction margin, the model’s confidence, and buttons to open explanation image panels. The user interface
includes a questionnaire panel that uses sliding percentage scales and free-comment text boxes to gauge the
readers’ confidence and accuracy in their decisions. A view of the entire user interface is shown in Appendix A.

3.1 AI Panel Development

We developed various formats for displaying information in the explanations panel of the user interface. While
original explanations of IAIA-BL employed heat maps, as shown in Figure 1b, these presented too much in-
formation to be quickly understood by a radiologist. We observed that bounding box images as presented in
Figure 1d did not reveal enough information to be considered useful in a clinical setting, as they would include
too much of the lesion. Hence, we updated the user interface to display images with semi-transparent covered
overlay indicating the top 5% of pixels from the heat map. This is shown in Figure 1c and allows radiologists
to easily identify the similar regions. As there are both merits and drawbacks of including the colored overlay
on the images for the explanations panel, we implemented two buttons that open and close separate panels that
can be configured to the readers’ liking, as presented in Figure 2. Finally, as activation scores produced by the
model were raw floating point numbers, we recast these numerical values into qualitative similarity bins (high,
medium, and low), to be more easily understood by a user.

3.2 Data & Model

The model used for UI development is IAIA-BL, described by Barnett et al.8 This model is based on the inter-
pretable deep computer-vision architecture ProtoPNet,7 with changes made to apply to digital mammography.
This model uses a prototype method to make predictions entirely based on the similarity between the test image
and learned prototypes. For a set of learned prototypes, the explanations are of the form: “this part of the input
image looks like that part from a learned prototype.” This method yields an explanation with perfect fidelity, as
the reasoning presented in the explanation exactly matches the reasoning the model uses to make its decisions.
Our data set includes 1136 images of breast masses from Duke University Health Systems, selected from patients
who received breast mass biopsies between 2008 and 2018. Using the associated clinical reports, we labelled for



Figure 2: Top: AI panel with both buttons closed, showing only minimal information (AI prediction and
confidence). Bottom: AI panel fully expanded, showing both the explanations with color and the explanations
without color. Both panels include headings, as well as labels to identify similarity of comparison case to primary
mass and class of comparison cases. A user may choose to expand either panel individually or expand and view
both panels.

Figure 3: The ROC curves of malignancy prediction for the model alone, the original physician-labellers
(fellowship-trained MQSA breast imaging radiologists), and the trial readers both with and without AI as-
sistance.



Figure 4: Results from the trial run of the user study. Top: Reader-reported prediction confidence. Bottom:
Change in reader’s estimate of the malignancy score. Note: Reader FS (radiologist) rarely changed their malig-
nancy score prediction, so the boxes overlap with the 0 line.

malignancy using histopathology results as ground truth. Each ROI is individually labeled for mass margin and
mass shape by one breast radiologist (LG) with 7 years of experience.

4. RESULTS

The fully-developed user interface will be used in a larger four-block retrospective reader study in the coming
months to analyze the usefulness of our AI tool. In two blocks, the users will be shown the user interface with
the AI panel outlined above and in the other two blocks, without.

We performed a trial run with three readers: a radiologist (FRS) with 9 post-graduation years of general
clinical experience, a medical physics professor (JYL) with 20 years of experience, and a graduate student in
Computer Science with 3 years experience working with mammographic images (AJB). The study includes the
75 patients that will be assessed during the reader study. The results indicate that AI assistance improved
reader confidence for all readers when the AI was correct. With AI assistance, reader malignancy predictions
improved for the student regardless of whether the AI was correct, but worsened for the physicist when the AI
was incorrect. Use of the AI assistance made no change for the radiologist malignancy predictions. However,
this is only a very small trial run, so no general conclusions can be made.

Furthermore, we obtained qualitative data from our readers in response to the study. The readers reported
unanticipated examples of self-activation on circumscribed prototypes – instead of activating at the margins
alone, the AI activated the entire lesion. At times, the AI explanations seemed contradictory – it output low
similarity scores when comparison cases were highly similar to the test case visually, thereby confusing the
radiologist readers. In addition, a number of cases had their top two most similar comparison cases drawn from



the same mammographic image or the same patient. This qualitative feedback proved that we have successfully
interfaced the AI and the clinicians: now, clinicians have adequate understanding of the algorithm to be able
to comment directly on the underlying models. The feedback will be incorporated in future development to
improve weakness in the AI model itself, by having better coverage of margins, and drawing prototypes from
different patients. This type of feedback was possible because the AI model is transparent: it would be extremely
difficult to obtain this type of feedback for improving black box models, which tend to have the same problems
as interpretable deep learning models but are much more difficult to troubleshoot. A large-scale reader study
with more radiologists and trainees could follow such improvements.

5. CONCLUSIONS

We aim to address the need for a tool that bridges the interpretable model IAIA-BL and viewing its results
in a clinical setting. Leveraging our collaboration of specialists in interpretable machine learning and clinical
experts, we addressed this problem by designing and building a comprehensible and accessible user interface.
After updating the interface to include the desired features, it can be used in further reader studies to obtain
results on the efficacy of our machine learning models in a pseudo-clinical setting.
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Appendix A

Figure 5: Long screenshot of the entire user interface for one patient. The top row shows the full-field image,
region of interest cropped image, and an instructions image. The AI panel displays predicted margin and AI
confidence, and two buttons that open explanations image panels. Finally the questionnaire assesses readers’
confidence or accuracy in their decisions.
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